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International Planning Competition (IPC)
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§ Encourages the development of new ideas and techniques for 
domain independent planning

§ IPPC is focused on probabilistic planning

§ In this work, we put forward the idea of having a similar platform 
for policy improvement in probabilistic planning



Probabilistic Planning
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§ Sequential decision making under uncertainty with a model of the 
environment
o RDDL domains and problems in IPPC

§ Modeled as a finite-horizon Markov decision problem
o Objective: maximizing the expected sum of rewards

§ Large state space makes offline solution techniques infeasible
o Online planning is a practical alternative



Online Planning
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§ Compute an action 
only for the current 
state

§ Take that action 
immediately to get to 
the next state

§ Repeat the process 
for the next state

state
action



Online Policy Improvement (OPI)
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Take a base policy as 
additional input

§ Compute a better 
action for the current 
state

§ Take that action 
immediately to get to 
the next state

§ Repeat the process 
for the next state

state
action



Policy Improvement
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§ Compute a policy 𝜋′ that is better than or at least as good as 𝜋, i.e., 
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Policy Improvement guarantees
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§ There are approaches that theoretically guarantee policy 
improvement under ideal conditions

o The policy rollout algorithm
o The nested rollout algorithm
o The parallel rollout algorithm

o Limited Discrepancy Forward Search Sparse Sampling (LD-FSSS)



Policy Degradation
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§ The ideal conditions might not hold in practice
o Large number of sample trajectories

o Longer trajectories
o Base policy values at leaf nodes

§ The new online policy can perform worse than the base policy



Empirical performance of OPI procedures
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§ To assess and compare different OPI algorithms empirically, we propose
o Benchmarks

o Base policies
o Evaluation metrics

o Baseline OPI procedures



Benchmarks
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§ Domains from past IPPC
1. Sysadmin

2. Game of Life
3. Tamarisk
4. Skill teaching

5. Wildfire
§ 10 problems in each domain



Base Policies
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§ Two base policies of different qualities for each problem
§ Both policies are neural networks trained via supervised learning

o Linear networks
o Problem dependent sparse architectures with 3 hidden layers

§ Each network takes a factored state as input and computes a 
probability distribution over actions as output



Baselines
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Based on the policy 
rollout algorithm 

1. Monte-Carlo 
Policy Rollout

2. DAG Policy 
Rollout

A heuristic to adjust 
the Q-values of 
actions to deal with 
policy degradation

Try all actions here 

state

action

𝜋



Baselines – DAG Policy Rollout
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Q-value Adjustment Heuristic
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computing an error margin for the Q-value estimate of each
action at s0. We then increase (decrease) the Q-value esti-
mate of the base policy action (off-policy actions) by their
respective error margins.

Let ✏⇡(s0, a) denote the error margin for action a. We
have 2 formulas for the error margins and hence 2 different
heuristics, namely, the C-Heuristic and the PC-Heuristic.
• C-Heuristic. The error margin is a fraction of the absolute

Q-value estimate of the action, i.e.,

✏
⇡(s0, a) = C · |Q̂⇡

L
(s0, a)|,

where C 2 [0, 1] is a parameter.

• PC-Heuristic. The error margin is state-action dependent
and has an additional factor equal to the total probabil-
ity of next-states not covered while generating successors
and hence not used in estimating the Q-value, i.e.,

✏
⇡(s0, a) = D(s0, a) · C · |Q̂⇡

L
(s0, a)|,

where C 2 [0, 1] and D(s0, a) = 1�
P

s02S1
Ps0s

0(a).

The adjusted Q-value estimate of action a at s0 is then

Q̃⇡

L(s0, a) =

⇢
Q̂⇡

L(s0, a) + ✏⇡(s0, a), if a = ⇡(s0)
Q̂⇡

L(s0, a) � ✏⇡(s0, a), if a 6= ⇡(s0)

Both MC policy rollout and DAG policy rollout return an
action â that maximizes the adjusted Q-value estimates for
s0, i.e.,

â 2 arg max
a2As

Q̃
⇡

L
(s0, a).

Benchmarks
Our initial OPI benchmark set consists of the following 5
domains from the past International Probabilistic Planning
Competitions (IPPC): (1) Sysadmin, (2) Game of Life,
(3) Tamarisk, (4) Skill Teaching and (5) Wildfire. Each
domain comes with a standard set of 10 problems of varying
sizes and difficulty levels. Further details on the IPPC can
be found at http://www.icaps-conference.org/index.php/
Main/Competitions. Both the domains and problems are
described using the Relational Dynamic influence Diagram
Language (RDDL) (Sanner 2010).

Sysadmin. This domain is about keeping as many com-
puters up as possible in a computer network. The state of a
computer is affected by the states of computers connected
to it besides an external random factor. Actions are to reboot
computers to bring them up. The immediate reward of a
state-action pair is the number of computers running minus
the action cost. The state space is factored with binary
state variables for the computers in the network. The size
of the state space ranges from 210 to 250 for the 10 problems.

Game of Life. This is a grid based domain with cells in
the grid either alive or dead. The goal is to have as many
cells alive as possible. The state of a cell is affected by
the states of the cells around it besides an external random
factor. Actions are to set cells to bring them alive. The
immediate reward of a state-action pair is the number of
cells alive minus the action cost. The size of the state space
ranges from 29 to 230 for the 10 problems.

Tamarisk. This domain is about eradicating an invasive
plant species called tamarisk to promote a native plant
species in a given region. The region is divided into reaches
each consisting of a certain number of slots. Tamarisk can
spread from a reach to an adjacent (downstream) reach.
Actions are to eradicate tamarisk or restore native species
in reaches. The immediate reward of a state-action pair is a
penalty for the number of slots invaded by and vulnerable
to tamarisk plus the action cost. The state space is factored
with two state variables per slot indicating the presence of
tamarisk or native species. The size of the state space can
range from 216 to 248 for the 10 problems.

Skill Teaching. This domain is about teaching a student a
given set of skills via hints and questions. There are prereq-
uisites for some of the skills. A student can attain medium
proficiency in a skill if he knows all the prerequisites. He
can attain high proficiency if he has medium proficiency
in that skill and answers questions correctly. Answering a
question wrong can decrease the proficiency level. Actions
are to give hints or ask questions in skills. The immediate
reward is a bonus for high proficiency and a penalty for
medium proficiency in skills. The state space is factored
with six state variables per skill. The size of the state space
can range from 212 to 248 for the 10 problems.

Wildfire. This is about controlling the spread of fire in a
region modeled as a grid. A few cells are marked as targets
that need to be protected from fire. A grid cell with fuel
in it is more likely to burn if many of its neighbors are
burning and a burning cell continues to burn until the fire is
extinguished. Actions are to cut out fuel from cells or put
out fire in cells. The immediate reward for a state-action
pair is a penalty for burned out or burning cells plus an
action cost. The penalty is high for the target cells. The state
space is factored with two state variables per cell indicating
the presence of fuel and fire. The size of the state space can
range from 218 to 272 for the 10 problems.

Base Policies
We have two base policies for each problem making a total
of 100 base policies for the 50 problems. For each problem,
one of the base policies is of high quality, while the other is
of relatively poor quality. Table 1 shows the performance of
the two base policies. The numbers denote the average finite
horizon sum of rewards for 100 evaluation runs with 95%
confidence intervals. For the domains tamarisk and wildfire,
the two policies are of roughly the same quality.
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Evaluation Metrics

16

§ WTL Score:

Based on 95% Confidence Intervals (CIs) around mean

§ Normalized Mean Score:

NMS k = "% # $"(#)
|" # |

, where µ′(k) and µ k are the mean  OPI and base policy values 
for problem k

§ Normalized Percentile Score:

NPS( k = )% # $)(#)
|) # |

, where ζ*(k) and ζ k are the average of the bottom α% of OPI 
and base policy runs for problem k



Experiments Setup
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§ Lookahead depth 4

§ Action branching factor 3

§ Number of actions at root 8

§ Performance is the finite-horizon sum of rewards averaged over 100 runs

§ Number of MC-Rollout trajectories adjusted by DAG-Rollout decision time

§ Q-value adjustment heuristic parameter C: 0, 0.1, 0.2, 0.3



Summary of Results
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§ The Q-value adjustment heuristic helps reduce the number of losses
§ The PC heuristic that uses transition probabilities results in more 

wins compared to the C heuristic

§ The DAG-Rollout baseline performs slightly better than the MC-
Rollout baseline in the benchmarks



Summary
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§ Put forward the idea of an IPC like platform for policy 
improvement in probabilistic planning

o Introduced benchmark domains and base policies
o Proposed a few evaluation metrics
o Presented two classes of baseline policy improvement 

algorithms with results

§ Hope this will encourage the development of new ideas and 
techniques for online policy improvement in probabilistic planning



Thank you
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